Faecal coliform (FC) concentration was monitored weekly in the Tangipahoa River over an eight year period. Available USGS discharge and precipitation data were used to construct a nonparametric multiplicative regression (NPMR) model for both forecasting and backcasting of FC density. NPMR backcasting and forecasting of FC allowed for estimation of concentration for any flow regime. During this study a remediation effort was undertaken to improve disinfection systems of contributing municipal waste water treatment plants in the watershed. Time-series analysis of FC concentrations demonstrated a drop in FC levels coinciding with remediation efforts. The NPMR model suggested the reduction in FC levels was not due to climate variance (i.e. discharge and precipitation changes) alone. Use of the NPMR method circumvented the need for construction of a more complex physical watershed model to estimate FC loading in the river.
INTRODUCTION
The importance of surface water monitoring cannot be understated as many diseases are acquired from contact with contaminated water bodies (Hurst & Murphy 1996) .
The presence of faecal pollution indicators in natural waters provides an index by which the public health risk can be gauged, in part because of observed relations to pathogens (Arvanitidou et al. 1997; Payment et al. 2000) , and elevated health risk (Prü ss 1998; Wade et al. 2003) . Regulatory bodies have adopted bacteriological water standards under the guidance of the EPA (Dufour 1984 ) based on incidence of gastrointestinal illness. Theoretically, if the bacteriological water quality standards such as faecal indicator bacteria (FIB) are monitored continuously and in real time, then public health risks can be lowered by reduction of exposure to pathogens. However, there are major deficiencies with such approaches, including: FIB are expensive to monitor in high frequency; there is a time lag between sample acquisition and reporting due to methodological limitations; and environmental conditions can change from the time of sampling (Leclerc et al. 2001; Karine Lemarchand 2003; Horman et al. 2004; Harwood et al. 2005) . In general, FIB monitoring of water bodies on a weekly or monthly basis is an important tool for identifying impaired waters, but fails to provide information that is relevant on daily timescales. It has been predictors that are readily assessable via continuous monitoring, such as USGS real-time hydrological data. The techniques used to derive a predictive FIB model are varied, but can be generalized as mechanistic models (physical), data driven statistical approaches (empirical), or mixtures of the two (Mahloch 1974) . Physical models require formulation of relationships between environmental predictors and FIB loading a priori. General physical modelling structures are freely available from the EPA, such as Water Quality Analysis Simulation Program (WASP6.1) and River and Stream Quality Model (Qual2K). Physical modelling requires that the appropriate input variables are known and their interactions must be explicitly formulated, albeit often in an iterative fashion, to produce an acceptable predictive tool. This approach can be accomplished by addition of a pathogen transport model to a hydrologic model. A physical model (Kashefipour et al. 2002; Steets & Holden 2003) can improve fit with data through incorporation of additional assumptions (such as bacterial decay constants). The resources needed to derive an explicit determinative model can become limiting, especially considering the expertise needed to produce a reliable hydrological model.
Although physically based modelling techniques are available, the implementation has yet to become common practice (Jamieson et al. 2004) . A likely reason for such is that each drainage basin has unique characteristics, such as, but not limited to: climate variation, soil properties, drainage area, roughness of river bed, hydraulic radius, land use, tidal influences and discharge. Proper incorporation of the environmental information and parameter estimation is therefore not a routine task. Alternatively, purely empirical approaches seek to derive relationships given the data and make no a priori assumptions of the mechanisms responsible for the observed responses. An empirical approach can be a pragmatic modelling solution circumventing some of the shortcomings of physical modelling, especially when limited resources are available.
Previous empirical FIB models have utilized ordinary least squares (OLS) regression (Mahloch 1974; Eleria & Vogel 2005; McCarthy et al. 2007) , logistic regression (Whitman et al. 2004; Eleria & Vogel 2005; Chandramouli et al. 2008 ) and artificial neural networks (ANN) (Brion & Lingireddy 1999; Chandramouli et al. 2007 Chandramouli et al. , 2008 Mas & Ahlfeld 2007; He & He 2008) . Of these methods, OLS regression and logistic regression methods are the simplest to implement and therefore are attractive tools for recreational water management. OLS regression and logistic regression attempt to fit a parametric response of FIB to predictors, either linear or sigmodial, respectively. In the case of ANN, the response form is unclear, but a good overall model fit can be achieved (Lin et al. 2003; Mas & Ahlfeld 2007; He & He 2008) . More recently, generalized additive modelling (GAM) of environmental factors associated with Salmonella occurrence has been implemented (Setti et al. 2009 ).
In this study, we have employed a new approach using nonparametric regression with interactions accounted for by multiplicative combining of predictors. The nonparametric multiplicative regression (NPMR) approach is a non-linear, nonparametric technique. A drawback of NPMR modelling is that no explicit formula is generated, requiring that data used to generate the model is also utilized in forecasting (or backcasting). This approach can readily accommodate response surface construction, allowing for visualization of predictor interactions. The NPMR method also has the benefit of ease of use, not requiring sophisticated model development through trial and error or mechanistic modelling techniques. This approach has recently been adapted for use in ecological habitat modelling (McCune 2006a, b) , but to our knowledge, has not previously been applied to water quality modelling.
The NPMR approach shares roots with generalized additive models (GAM). A GAM differs from NPMR in that individual terms are summed with each term smoothed by a nonparametric function, whereas NPMR combines all predictors and weights multiplicatively. It is possible to construct a GAM model of the same structure as a NPMR model by limiting the number of terms to one and combining all predictors multiplicatively; thus, NPMR is a special case of a GAM (McCune 2006b). Even though it is possible to construct a NPMR model using the GAM framework, it would seem inappropriate to call a NPMR model a GAM model, as there would be no additive terms. This study investigated the use of NPMR for water quality modelling with respect to faecal coliform (FC) forecasting and backcasting to monitor changes in water quality. The goal of this study was to utilize NPMR as a method for evaluating water quality as a forecasting tool.
MATERIALS AND METHODS

Study site description
Surface water samples were collected from the Tangipahoa River in Louisiana (Figure 1 ) at site TR3. The river extends north to south for nearly 106 km (66 miles) through southeast Louisiana, drains 1,673 km 2 (646 square miles), and empties into Lake Pontchartrain. The Tangipahoa River is heavily utilized during summer months for recreation. The Tangipahoa River basin, including the research site, is located in a rural region dominated by agricultural use (dairy farms and livestock) with intermittent towns discharging treated effluent along the river. Large portions of the population in the watershed are not connected to municipal waste treatment systems. The site TR3 was chosen as the main sampling site because of its location downstream of most agricultural and domestic runoff/discharge. Additionally, a previous study of FC densities along the Tangipahoa River at sites TR1, TR3, TR4, TR5, TR6 and TR7 showed no significant differences between sites (po0.05) (Gary W. Childers, unpublished data). This data was collected before 2005; therefore there may be some differences between modelled TR3 values and other site values. Faecal coliform densities have previously been reported to vary seasonally in this river (Anderson et al. 1990) . Historically this river harbours densities of FC classifying it as unsuitable for primary contact recreational use (James 1987) . In late 2004 -early 2005 treatment plants in several small municipalities were retrofitted with improved disinfection systems (Lake Pontchartrain Basin Foundation, personal communication). Testing Laboratory (SLUMTL). Samples were serially diluted in phosphate buffered saline using a 10-fold dilution scheme to 10 À6 . A five tube MPN setup with A-1 medium was performed with duplicates for each sample and MPN values were averaged.
Sample collection and faecal coliform enumeration
NPMR of faecal coliform loading from storm water runoff
Selection of predictors for NPMR
A thorough treatment of the steps involved in creating a NPMR model is given in McCune (2006b) . The Tangipahoa River has four real-time water stations (USGS) that monitor river stage, three that measure river stage and precipitation, and one station that measures river stage, precipitation and discharge (USGS station 07375500, TR3). All measurements are recorded twice per hour and available through the USGS National Water Information System web interface (http://waterdata.usgs.gov/nwis/rt, accessed 23 November 2010). The predictor selection was limited to data obtainable through the USGS portal to increase the general applicability of the modelling procedure.
Daily discharge and river stage data from station TR3, and daily precipitation data from USGS stations 07375430 (TR7), 07375300 (TR10) and TR3 was retrieved from December 1999 to January 2008. Daily discharge data (cubic feet per second) was log transformed. No transformations were applied to precipitation data (inches day À1 ). A five day lag series (sum of antecedent rainfall or discharge up to five days) of the data was created to account for prior conditions and interactions associated with initial influx of storm water, and decreases in FC loading due to dilution after excessive precipitation/runoff (flushing).
NPMR model search and evaluation
The predictor variables selected for model construction ( A leave-one-out cross-validation procedure was utilized to help eliminate over-fitting of models and provide an estimate of goodness of fit. The cross-validated R 2 (xR 2 ) value was calculated from Equation (1), by eliminating point i from the estimate, for every data point used to construct the model.
The NPMR model fit (xR 2 ) was optimized using a kernel smoother in conjunction with a pre-specified local model (local linear) and varying the Gaussian weighting function.
The tolerances defined the weighting function for each predictor and were equal to one SD of the Gaussian kernel smoother. Sensitivity analysis was performed by adjusting predictor values incrementally and observing the response.
Both the predictor and responses were scaled using two methods of calculation (Sensitivity 1 and Sensitivity 2, details of calculations are described by McCune (2006b) 
RESULTS AND DISCUSSION
Long-term trends in faecal coliform densities at site TR3 A FC runoff model is only valid if FC loading is dominated by runoff-related factors rather than unpredictable point sources. Therefore, an important consideration for our The final model had an xR 2 ¼ 0.57 (Equation (1)) and is summarized in Table 3 . The LLR-NPMR fitting procedure selected employed a Gaussian weighted window seeking to optimize xR 2 based on multiplicative combination of predictors listed in Table 1 . We also evaluated the model using the *Tolerance is defined as one SD of the Gaussian window utilized in producing the best estimate and is in units of the predictor. w Sensitivity is a measure of how much a predictor influences a response with a sensitivity of 1 equal to a 1:1 predictor to response ratio, sensitivity2 gives more weight to large differences (McCune 2006b). z D predictors are daily discharge (log cfs) at indicated day. D is the discharge at that day; D1 is the previous day's discharge, etc. y P predictors are summed precipitation data (inches day À1 ). P 1 is the sum of the previous day's precipitation; P 2 is the sum of two prior days' precipitation, etc. (Table 3) . The presence of nonlinear global responses lends support for using a NPMR model with the data, as opposed to using multiple linear regression (MLR) procedures. The remaining predictors (D 2 , D 3 , P 1 and P 2 ) have larger tolerances with respect to observed ranges; however, their sensitivities were similar in magnitude to the other predictors, implying a more globally linear response for these variables.
A plot of estimated vs. observed values (Figure 3 ) shows that the model has a larger amount of error associated with estimates that fall below 100 FC MPN 100 ml À1 and instances where the observed values greatly exceed predicted.
From a public health and management decision viewpoint,
the failure of the model to accurately predict FC values below 100 FC MPN 100 ml À1 is not significant, since these values are below regulatory limits. The lack of model fit during low flow/FC events may be more representative of variability not related to runoff during low flow periods, but rather due to point source variance. There is a cause for concern regarding the model's utility when either observed or predicted FC levels greatly exceed regulatory limits and are not in agreement. The observed values that greatly exceeded predicted values were investigated and it was found that in several cases an increase in rainfall occurred without an increase in discharge; however, the corresponding FC levels increased by more than predicted by the model. In all cases where a rainfall spike without significant discharge spike occurred, the model predicted levels were still greater than regulatory limits (n ¼ 5, avg Log 10 FC MPN observed ¼ 4.20, and predicted ¼ 2.93) with one exception. The case where the observed value (Log 10 MPN ¼ 3.20, predicted ¼ 1.73) exceeded regulatory limits and the modelled value did not may be due to either insufficient rainfall data (rainfall did not occur at weather stations/rain gauge not properly functioning) or a point-source intrusion.
Another advantage of NPMR modelling is the ability to reconstruct response surfaces to evaluate predictor influence.
Since responses are not always linear with respect to interactions, and the shape of the response is not always known beforehand, a tool to visualize and interpret interactions is important. Discharge events associated with storm water were not expected to produce a purely linear response with respect to FC levels, as storm events were expected to produce a peak in FC concentration followed by a dilution effect. To examine the utility of NPMR in producing response surfaces in a FC runoff model, a three-dimensional response surface was constructed ( Figure 4 ) from previous day discharge (D 1 ) and two day prior discharge (D 2 ) to project the interaction between these variables with respect to FC levels.
When D 2 levels were high and D 1 levels low, the lowest FC 
CONCLUSIONS
The modelling approach adopted here for water quality monitoring offers numerous advantages compared with other methods. Namely, a reasonably representative model was created using a minimum of variables that are readily available via Internet resources. The method described here alleviates the need for complicated physical models, subsequent parameter estimation, and automatically accounts for interactions among predictors. While other nonparametric methods, such as ANNs, also allow for automatic interaction incorporation, how the interactions are derived is not readily apparent. The NPMR techniques allows for predictor interactions to be visualized. This study was a unique application of NPMR technique and the utility of this method should make it more commonplace in water quality modelling.
This modelling approach is adaptable to accommodate fairly complex interactions without the need for identifying and fitting all parameters as it is done automatically using NPMR. The results of this study highlight the importance of considering watershed characteristics before attempting to create FC (or other water quality parameter) runoff models.
The most important consideration is whether the water body being studied is dominated by runoff FC loading or 
